ABSTRACT: In the last 2 decades, Belgium has experienced more monthly extremes than in any other decade since observations began in 1833. During the past 60 yr, yields have increased, on average, by 0.1 t ha -1 yr -1 for winter cereals, 0.4 t ha -1 yr -1 for potato and 0.6 t ha -1 yr -1 for sugar beet. A total of 60 to 74% of the variability in yields between 1960 and 2008 was explained by meteorological variables. Multivariate analysis showed significant statistical relationships between yield and vapourpressure deficit, temperature and growing season length, and water logging and drought. These variables were therefore included in a new regional dynamic crop model (REGCROP) developed to assess climate impacts on regional arable crop production. Nash-Sutcliffe model efficiencies were between 0.68 and 0.84 between simulated and observed national yields for the period 1960-2008. REGCROP was subsequently run for 3 climate change scenarios and 3 typical Belgian soils (clay, loam and loamy sand) and climate impacts were compared with historical weather impacts . Higher temperatures increase crop development and shorten the growing season. Strong projected changes in seasonality affect cumulative drainage for both winter and summer crops and result in a drier water balance regime with climate change. Average yield losses of 12 to 27% were simulated for sugar beet and 23 to 44% for potatoes owing to drought and heat stress. Projected losses for winter cereals are 5 to 12%, mainly owing to waterlogging, whereas yield increases up to 6 or 7% are projected as a result of temperature increases and favourable vapour-pressure deficits.
INTRODUCTION
During the past decades, climate change has had a marked influence on European agriculture (Orlandini et al. 2008 , Reidsma et al. 2009 ). The impacts of the 2003 heat wave in Europe, with temperatures up to 6°C above long-term means and precipitation deficits up to 300 mm, resulted in an estimated loss of €13 billion for the European agricultural sector (Ciais et al. 2005) . Global coupled climate model results show that future heat waves in Europe will become more intense, more frequent and longer lasting in the 21st century (Meehl & Tebaldi 2004) . With climate defined as the average weather type during a period of a minimum of 30 yr, effects are on a temporal scale that are not accounted for in agricultural decision making. Consequently, the annual activities of farmers might not track the speed of climate change (Menzel et al. 2006a) .
Experimental observation of physiological plant responses to meteorological variables has resulted in the development of a wide range of models applied at the plant, plot or field scale, such as CropSyst (Stockle et al. 2003) , Daisy (Abrahamsen and Hansen, 2000) , wheat simulation models (Porter et al. 1993) , DSSAT (J. W. and STICS (Brisson et al. 2003) . Crop models in conjunction with regional climate models enable the assessment of climate impacts on regional agriculture (Jacob et al. 2007 ). When employed in climate impact studies, inter-model comparisons demonstrate that uncertainties and sources of variation in projected climate impacts on agriculture depend not only on the emission scenarios and climate models, but also on the crop models used (Olesen et al. 2007 ).
Crops often respond nonlinearly to changes in their growing conditions and have threshold responses; this greatly increases the importance of climatic variability and frequency of extreme events for yield, yield stability and quality (Porter & Semenov 2005) . Many of the crop models were originally developed to predict crop responses to local weather conditions and might not capture some of the current findings on feedback mechanisms and threshold effects under new climatic conditions or extreme weather events, nor might they be suited to applications at the regional scale.
With climate change, increased air temperature and CO 2 enrichment are projected to significantly affect crop phenology, reduce stomatal conductance and transpiration, improve water-use efficiency and stimulate higher rates of photosynthesis (Drake et al. 1997 , Chmielewski et al. 2004 , Menzel et al. 2006b , Kattge & Knorr 2007 . Results from the Free Air Carbon Enrichment (FACE) experiments cast doubts on whether CO 2 fertilisation will fully offset yield losses resulting from decreased soil moisture or increased heat stress under climate change (Ewert et al. 2002 , Kimball et al. 2002 , Long et al. 2006 . The discrepancy between modelling efforts and experiments is possibly related to the fact that the majority of crop models predict yield with a non-limiting supply of water and near-optimum temperature for crop growth. Current impacts of climate change or extreme weather events on agricultural production enable further exploration of upper or lower model boundary conditions and result in improved models suited to simulate climate impacts.
Seasonal patterns in agro-meteorological variables have a major impact on regional crop production (Wheeler et al. 2000 , Challinor et al. 2003 . All of the processes involved in agricultural production take place at different spatial, temporal and organisational scales. Reconciliation across this range of scales requires explicit integration over temporal distributions of meteorological, soil, crop and agro-economic data. The physical basis for regional crop modelling relies on a quantified relationship between weather and yield data at particular temporal scales. Regional crop models have been developed to a limited extent, e.g. to investigate the effects of climate change on grain yields in China (Mo et al. 2009 ) and groundnut yields in India (Challinor et al. 2004) . The focus of the present study is the development of a regional crop model that can be used to assess climate impacts on regional arable crop production.
Based on a long-term temperature analysis for Ukkel, the Belgian Royal Meteorological Institute (RMI 2009) distinguished a first period with an average mean temperature of 9.7°C followed by an abrupt rise in 1988 resulting in a second period with an average mean temperature of 10.9°C. 
METHODS

Weather and yield data analysis
Historical weather records for the period 1947-2008 from the Belgian Royal Meteorological Institute (RMI) were used to calculate seasonal, monthly and 10-daily rainfall, minimum and maximum air temperature, solar radiation, wind speed, dewpoint temperature and relative humidity. Vapour pressure deficit (VPD) and potential evapotranspiration (PET) were calculated using the FAO Penman-Monteith equation (Allen et al. 1998): (1) where e 0 (T) is saturation vapour pressure (in kPa) at the air temperature T (in °C), T min is minimum temperature, T max is maximum temperature, T dew is temperature at dewpoint. Extreme values were defined as the days with non-zero-value 10th and 90th percentiles for evapotranspiration and rainfall, and days with mean temperatures above 30°C. Days with VPD between 0.45 and 1.25 were used to identify healthy air-moisture conditions for plant production; VPD values outside these boundaries were considered extreme.
A generic soil-moisture balance was developed to generate agri-meteorological variables that reflect soil-moisture conditions. The soil available water capacity was set to 200 mm; the fraction of plant available water to 0.5 and the rooting depth to 1.5 m. Daily actual evapotranspiration (AET) of the soil-plantatmosphere continuum was described as a dynamic function of rainfall (P) and PET, taking into account a daily 75% loss of storage capacity (ST). For rainfall events < 0.1 mm during the growing season, the ratio between actual and potential evapotranspiration was set at the average between 0.5 and the ratio: (2) where t is the time step (i.e. 1 d).
The growing season was defined in accumulated thermal sums above the base temperature 0°C. Vegetation growth was assumed between the days of the year when the accumulated thermal sum equals 100 and when the accumulated thermal sum for a period of 10 d is below 5, i.e. roughly from March until October. The soil-moisture balance operates as a single-layer bucket model that varies with the rooted soil layer. The rooting depth increases at constant rate, from 10 cm at the beginning of the growing season to the maximum rooting depth at the middle of the growing season. Daily soil moisture (θ t , Eq. 4) is confined between field capacity (θ FC ) and permanent wilting point (θ WP ) (Table 1) ; losses such as runoff (L) are assumed to be 10% of the total rainfall. Soil-moisture balance performance indicators include deficit with respect to plant available water, surplus with respect to field capacity, excess with respect to saturation and extreme values defined as the days exceeding non-zero-value 10th and 90th percentiles. All meteorological variables were integrated between average planting and harvesting dates for the 4 crops ( Allen et al. (1998) and Vanclooster et al. (1995) annual crop yields and different meteorological variables aggregated to the crop growth season, defined as the time between average planting and harvesting dates ( Table 2 ). All meteorological variables and yields were compared between the RMI-defined climate periods (RMI 2009) using ANOVA. Linear regression equations were developed between crop yield and single meteorological variables with significant correlations. Non-linear multiple regression equations were developed using the 2 most significant and non-collinear meteorological variables. Multi-collinearity between the meteorological variables was revealed by means of principal components derived from the correlation matrix. In addition, a variance minimizing non-hierarchical (k-means) cluster analysis involving the selected meteorological variables was used to investigate the effect of climate period on the regression between the selected meteorological variables and yield.
REGCROP model
A regional dynamic crop model (REGCROP) was developed to assess climate impacts on regional crop production through the dynamic coupling of a water balance and a biomass production model run at a daily time step. The physical basis relies on quantified relationships between weather and yield at the regional scale. In thermodynamic terms, the radiation use efficiency of crop production is defined as the ratio between energy output (carbohydrates) to energy input (solar radiation) (Monteith & Moss 1977) . The amount of solar radiation intercepted depends on the seasonal distribution of leaf area, the development of which relies on ambient temperature and moisture supply in both soil and atmosphere. These biophysical concepts are related to the rate and duration of different crop development phases and are implemented in REGCROP.
Phenological crop development in REGCROP is based on thermal time using planting dates and cropspecific upper and lower threshold temperatures (Table 2) , which form the boundaries of phenological activity. The threshold temperatures take into account the lag between air and soil temperatures, which is important for the early crop development stages. Crops are grown from planting dates until the accumulated thermal units (TU) equal the required potential thermal units (PTU). Depending on the crop and crop development stage, the thermal time is adjusted for vernalisation, dormancy and day length. For winter cereals, the roots become dormant after frost and resume their growth when the average air temperature exceeds the minimum required air temperature. The PTU were derived on the basis of unpublished planting, harvesting and general phenological data from variety trials in central Belgium (Veredelingsstation Heverlee [now out of use], data available from author). Crop characteristics and parameters were linked to the different growth stages and expressed in thermal time as a fraction of the required PTU ( Table 2) .
The water balance is a single-layer varying size bucket model, adapted from Allen et al. (1998) to incorporate effects of reduced growth conditions due to water stress (drought, water logging) or heat stress (temperature, VPD) on crop growth. Crop characteristics include rooting depth, crop factors linking AET to reference evapotranspiration, crop cover and the fraction of plant available water (depletion factor). The critical moisture content (θ CR ), or the point below which restricted plant transpiration takes place, depends on the plant-specific depletion factor and varies with rooting depth. Water stress is defined as the number of days and amount of deficit with respect to the critical moisture level or as surplus with respect to field capacity (θ FC ) and saturation (θ SAT ). Crop stress is calculated as the degree of waterlogging (WL t ) or drought (DR t ) for a period of 10 d:
The actual evapotranspiration (AET t ) is a function of soil evaporation, plant transpiration and soil moisture. The soil evaporation factor (K et ) is calculated from the rainfall interval (RI t ) and the reference evapotranspiration, multiplied by the fraction of bare soil, taken as the reverse of the cropped soil (C c ). Plant transpiration depends on the plant variety, growth stage and climatic zone. Crop-specific K cb factors (Eq. 7; Table 1) were adjusted for wind speed, relative humidity and plant height, resulting in higher transpiration rates for the majority of cases (Allen et al. 1998) . (7) ( 8) Ratios of AET and PET rates differ from K cb factors (Piccinni et al. 2009 , Kjaergsaard et al. 2008 , as they are mainly designed for irrigated crops and, hence, may not take into account plant physiological behaviour under drought conditions. To allow for reduced transpiration under drought stress, Eq. (2) was run in parallel and used when the soil moisture (θ t ) was below the critical moisture level (θ CR ).
The regional dynamic biomass model was adapted from the Monteith & Moss (1977) approach to incorporate extremes in soil moisture, temperature and vapour pressure. The photosynthetic active radiation ( ) and leaf area index (LAI) was converted into potential daily increase in biomass using a light-use efficiency factor (LUE) ( Table 2 ) and accounting for the effects of day length (DL) (after Monteith & Moss 1977) : (9) Temperature, water supply and vapour pressure are the main climatic constraints on crop growth efficiency.
The reduction factor (R t ) is computed as the minimum of 4 climatic constraints for crop growth-waterlogging (WL, Eq. 5), drought (DR, Eq. 6), temperature stress (TR) or stress due to vapour pressure deficit (VPDR): (10) (11) (12) This is incorporated in the VPD reduction term by setting VPD o to 0.9 kPa and VPD max to 2 kPa.
Negative values result in zero additional growth in biomass; the maximum value for R t equals 1. Temperature stress reflects the physiological behaviour with respect to crop-specific optimal (T o ), maximum (T max ) and base temperatures (T b ) ( Table 2 ). The reduction term for VPD (Eq. 9) was developed to reflect the response of the crop to humidity. Values below 0.45 kPa reflect a cool and humid environment, and values above 1.25 kPa a hot and dry environment; optimal growth is considered to be around 0.9 kPa. VPD values above 2 kPa have been reported as the breakpoint for transpiration rates (Fletcher et al. 2007 , Rodriguez & Sadras 2007 .
The leaf area index (LAI) is an important structural property of the crop canopy that influences water interception, photosynthesis, respiration and senescence. The leaf area is reduced by stresses related to temperature, moisture and vapour pressure. The LAI curve (Williams et al. 1989 ) is adapted to incorporate growth reduction factors. Based on 2 scaling factorsthe temperature unit index (TUI) and the temperature unit factor (TUF) -LAI follows a sigmoid curve until the crop reaches its maximum at 80% of PTU:
After reaching its maximum, a power function describes the decline at the onset of senescence or at the grain filling stage in cereals:
The biomass generation part of the crop growth model provides a feedback mechanism (Eq. 16) to adjust leaf area development and hence actual crop cover (C c ), refining the partitioning between covered and uncovered soil: (16) The water balance returns information to the crop growth module concerning water stress in terms of waterlogging and soil-moisture deficit and accounting for the water-use efficiency.
Both the standing and root biomass are derived from the daily biomass growth (ΔB t ).
The yield is subsequently derived from the standing biomass (BAG, Eq. 17) before senescence occurs, using a harvest index (HI; Table 2 ). Calculations were made with nested iterations to close the energy balances and conserve the mass balance. Reported national yields provide for an assessment of the model's performance using model efficiency criteria such as the NashSutcliffe efficiency (Nash & Sutcliffe 1970) and related indicators (Willmott 1981) .
Yield projections under climate scenarios
According to global climate model predictions, Belgium is situated on the boundary between wetter and drier climatic regimes. Three climate-change scenarios were selected on the basis of a multi-criteria analysis (Ntegeka et al. 2008 ) of the PRUDENCE RCM runs , capturing the future climate variability in Belgium (Fig. 1) . Goodness-offit between observed meteorological data and control runs for rainfall, temperature and evaporation were used to retain low (RCM: Arpège with GCM: HadCM3-B2), medium (RCM: RCAO with GCM: HadAM3H-B2) and high (RCM: RCAO with GCM: ECHAM4/OPYC-B2) scenarios. For the 3 selected PRUDENCE RCM runs, all meteorological variables were obtained using Interactive Data Language scripts for the grid nearest to Ukkel (central Belgium), which has the longest meteorological time series, beginning in 1833, and is located in the centre of the most productive agricultural area in Belgium.
Yield changes under climate-change scenarios were compared to simulations with observed meteorological data using simulated net primary production (NPP) divided by potential NPP in the case of summer crops and using simulated BAG divided by potential BAG in the case of winter cereals. Potential NPP and potential The effects of temperature and water stress were accounted for separately by replacing R t in Eq. (18) with WL t (Eq. 5), DR t (Eq. 6), TR t (Eq. 10) or VPDR t (Eq. 12), thus resulting in different yield reduction indicators that enable quantification of the distance between actual and potential yields due to different stress types. Changing atmospheric CO 2 concentrations, which can be related to an increase in light-use efficiencies, have not been taken into account.
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RESULTS
Weather and yield observations
The frequency and magnitude of extreme weather events are likely to increase with climate change. In Belgium, the past 2 decades have experienced more monthly extremes than any other decade since the observations started in 1833 (Fig. 2) .
Results of detrending show a high goodness-of-fit between Belgian yields and time; R 2 varied from 0.79 for sugar beet to 0.94 for winter barley (Fig. 3) . During the past 60 yr, yields increased at a mean ± SE rate of 0.102 ± 0.004 t ha -1 yr -1 for winter wheat, 0.095 ± 0.003 t ha -1 yr -1 for winter barley, 0.440 ± 0.025 t ha (Table 3) show significant correlations between yield and the temperature-related variables VPD, PET, THU and T min , low rainfall and soil moisture conditions. Moreover, these meteorological variables are significantly different between the 2 climate periods (Table 4) , and appear to reflect the long-term meteorological variability or climate condition. Correlations between yield residuals and meteorological variables (Table 3) demonstrate the importance of the water balance (Eq. 2), the maximum of T max , soil-moisture conditions and average rainfall. The majority of these meteorological variables, as well as the yield residuals, are not significantly different between the 2 climate periods and appear to capture short-term meteorological conditions or interannual weather variability. These results suggest that detrending yields prior to investigating climate impacts might have accentuated interannual weather variability, but might have removed all or part of the long-term climate variability alongside the effects of technological developments.
The hypothesis that weather conditions have a substantial impact on crop yield in Belgium was tested by analysing statistical relationships between yield and meteorological variables. Principal component analysis confirmed multi-collinearity among the meteoro- (Table 3 ) and significant differences between the 2 climate periods were selected (Table 4) : the sum of days with VPD > 0.5 kPa; the sum of days with rainfall < 0.2 mm, in the case of winter cereals; and the sum of days with rainfall >15 mm, in the case of summer root crops.
Non-linear regressions explained 74% of the variability in winter wheat yield, 73% in winter barley, 70% in potatoes and 60% in sugar beet, which demonstrates the effect of the selected meteorological variables on yield. A variance-minimizing non-hierarchical (k-means) cluster analysis involving the selected meteorological variables demonstrates that there was a significant effect of days with VPD > 0.5 (p < 0.001) on the separation of clusters for each of the crops. Days with rainfall < 0.2 mm significantly (p < 0.001) influenced the clustering of winter cereal yields. For summer crops, the effect of days with rainfall >15 mm was significant at p < 0.025.
Changes in single meteorological variables had a significant impact on yields. Linear regressions be- Winter wheat M0 4.35 ± 1.12 49.9 ± 22.8 132.6 ± 18.0 6.0 ± 3.3 1651.4 ± 116.6 507.5 ± 56.0 4.7 ± 0.6 M1 7.78 ± 0.84*** 91.8 ± 11.9*** 151.9 ± 20.7*** 7.0 ± 2.8 (ns) 1910.0 ± 138.8*** 597.8 ± 40.8*** 6.0 ± 0.7*** Winter barley M0 4.22 ± 1.13 41.3 ±19.1 122.0 ± 17.0 5.3 ± 3.1 1385.1 ± 112.0 445.8 ± 50.1 4.2 ± 0.6 M1 7.25 ± 0.79*** 76.5 ± 10.6*** 138.5 ± 19.5*** 6.4 ± 2.9 (ns) 1610.7 ± 139.8*** 521.3 ± 33.6*** 5.5 ± 0.7*** Potatoes M0 28.75 ± 5.95 64.3 ± 32.0 79.5 ± 13.2 3.7 ± 2.3 1327.6 ± 125.2 490.6 ± 64.5 10.0 ± 0.6 M1 42.86 ± 4.58*** 110.1 ± 10.4*** 89.9 ± 13.0** 5.2 ± 2.0* 1483.3 ± 89.9*** 556.3 ± 38.0*** 11.1 ± 0.7*** Sugar beet M0 45.34 ± 8.79 68.5 ± 35.3 94.9 ± 14.8 4. 6 ± 2.5 1709.5 ± 144.2 538.2 ± 68.5 9.8 ± 0.6 M1 63.72 ± 5.73*** 119.8 ± 12.3*** 106.6 ± 14.9** 6.2 ± 2.4* 1872.3 ± 108.5*** 610.3 ± 42.9*** 10.9 ± 0.7*** : 1947-1987; M1: 1988-2008) . VPD: vapour pressure deficit; P: rainfall; TU: thermal units; PET: potential evapotranspiration; Tmin: minimum temperature. p-values: *< 0.05; **< 0.01; ***< 0.001; ns: not significant tween yields and growing days with VPD > 0.5 (Fig. 4) revealed that the form of the relationship did not significantly change between the 2 different climate periods. Rates of yield increase per growing day with VPD > 0.5 kPa were not significantly different between the clusters; the intercept of the regression, however, was significantly different between the clusters. The results confirm that the majority of climate impacts took place between the 1970s and 1980s, with increasingly more years belonging to a warmer climatic regime.
REGCROP model output
Not only the frequency and magnitude of meteorological events, but also their timing in relation to crop development will determine their effects. The REGCROP model output shows that yields are simulated well, with a tendency to slightly overestimate with a relative difference of 0.5 to 4% between observed and simulated yields (Table 5 ). The NashSutcliffe efficiency was highest for sugar beet (0.84) and lowest for winter wheat (0.68). The simulated winter cereal yields accounted for 80% of the variation in the observed yields (Fig. 5) . Overall, winter cereal yields were overestimated, with an overprediction of the lower yields. Simulated sugar beet yields captured 84% of the variation in observed yields, with an overestimation of lower yields. The simulated potato yields accounted for 83% of the variation in observed yields; lower potato yields were overestimated and higher yields were underestimated.
On the basis of detrending analysis (Fig. 3) , years with yield residuals below the 10th percentile or above the 90th percentile were defined as extreme. The quantitative measures of model performance showed that the differences between simulated and observed yields are not the same for years with extreme yields as compared with normal years (Table 5) . For all arable crops, the normal year simulations (N; Table 5 ) did not differ from the overall simulated years (All ; Table 5 ), but they differed from the years 63 Winter wheat CL1 (1947 CL1 ( -1983 CL1 ( , 1987 ) y = 2.93 + 0.026x, R² = 0.38 CL2 (1974, 1976, 1982, ) y = 5.31 + 0.026x; R² = 0.27 y = 1.95 + 0.057x; R² = 0.71
Winter barley CL1 (1947 CL1 ( -1981 CL1 ( , 1983 CL1 ( , 1987 ) y = 2.7 + 0.034x; R² = 0.47 CL2 (1973, (1947-1976, 1980, 1983 ) y = 24.09 + 0.056x; R² = 0.25 CL2 (1974, 1987 ) y = 41.13 + 0.053x; R² = 0.20 CL2 (1971, 1973, 1976, 1979, 1981, 1982, ) and days with VPD > 0.5. Clustering is based on days with VPD > 0.5 and rainfall days above 15 mm for summer root crops or rainfall days below 0.2 mm for winter cereals with extreme yields. Model performances for extreme winter cereal yields were different from normal years (Table 5 ), but differences in mean and absolute error were not significant at the 0.05 level. In the case of winter wheat, differences between high-and lowyielding years were linked to significant differences in different yield reduction indicators for temperature (p = 0.05), VPD (p = 0.044) and WL (p = 0.04). Differences between high and low winter barley yields could be linked to significant differences in the yield reduction indicators for temperature (p = 0.04), VPD (p = 0.05) and WL (p = 0.05). Model performances for extreme summer root crops were different from normal years (Table 5) ; differences in mean and absolute error between normal and low-yielding years were significant (potato, p = 0.02; sugar beet, p = 0.04), but not for the high-yielding years (p > 0.05). High and low potato yields were related to significant differences in the yield reduction indicators for temperature (p = 0.05) and VPD (p = 0.004). Extreme sugar beet yields differed significantly in yieldreduction indicators for temperature (p = 0.01) and VPD (p = 0.05). Differences between simulated and observed yields were the same in years with extreme and normal yields, with the exception of low tuber crop yields.
Effects of climate change
Although yearly balances fail to reflect seasonal dry spells or soil water storage, a comparison between scenarios or between crops under a certain climate scenario provides an indication of water shortage and surplus (Fig. 6 ). Summer root crops experience increased drought stress, particularly when the sensitive crop stages coincide with dry spells. Yields may be further reduced when wet springs cause water logging in the field and delay planting dates. Rising temperatures enable earlier maturity of winter cereals, which, in turn, will reduce yield reductions due to drought stress or increased heat stress during the flowering period. Despite lower 64 Observed yield (grain + straw) (t ha -1 ) summer precipitation predictions for future climate in Belgium, winter cereals may suffer from water logging in the field, particularly during early spring, which is the case for the low climate-change scenario.
Strong projected changes in seasonality (Fig. 1) affect cumulative drainage for both winter and summer crops. Despite projections of higher winter precipitation, drainage under winter cereals is expected to decrease in heavy textured soils (clay and loam soils in Fig. 7 ). Rising temperatures cause higher evapotranspiration rates and result in a drier water balance regime with climate change. Only for sandy soils was a higher drainage under winter cereals simulated for the low and high climate-change scenarios as compared , projected on the same axis with the historical time series. This can be explained by high spring rainfall in the low climate-change scenario and high autumn rainfall in the high climatechange scenario (Fig. 1 ) in combination with high infiltration rates on sandy soils. For summer crops, the dual effect of rising temperatures and lower rainfall results in lower cumulative drainage under all scenarios of climate change, as compared with historical data (Fig. 7) . Yield reduction indicators (Fig. 8) show a favourable effect of VPD and higher temperatures on winter cereal yields; increased waterlogging in winter and early spring has negative effects on winter cereal yields. Poor summer root crop yields are attributed to drought in late spring and summer, and to higher summer temperatures, which cause heat stress. For the 3 climate change scenarios (low, medium, high), average yield losses of 12% (low), 17% (medium) and 27% (high) were simulated for sugar beet and 23% (low), 37% (medium) and 44% (high) for potatoes as compared with historical yields. Projected losses were 5% for winter wheat and 12% for winter barley under a low climate-change scenario. Yield increases of 6% for winter wheat and 3% for winter barley were simulated for the medium scenario. For the high scenario, projected yield increases were 2% for winter wheat and 7% for winter barley.
DISCUSSION
Examples from other regions in the world have demonstrated the usefulness of detrending yields in relation to seasonal weather (e.g. agricultural insurances: Bielza et al. 2008) or climate variability (Nicholls 1997 , Trnka et al. 2007 , Baigorria et al. 2008 to amplify the interannual yield variations owing to weather factors and to control for technological advances such as improved varieties and management. The results of the present study demonstrate that climate and technological advances cannot easily be separated using detrending analysis. Yields differed significantly between the 2 climatic periods (pre-and post-1987) and were linked to meteorological variables; yield residuals, however, did not differ significantly. Yield trends contain information on the effects of climate variability. Technological advances might also indirectly result from climate change, such as improved varieties that allow for earlier sowing dates. Effects of climate and technological advances on annual yield rates are closely related but can be separated using data from variety trials, as demonstrated by Jaggard et al. (2007) .
Understanding climate-yield relationships and the effects of recent climate trends on regional crop productivity is an important step in predicting agricultural production at the national scale (Lobell & Asner 2003 , Tao et al. 2008 . Results from Europe confirm the effect of climate change on national agricultural production (Moonen et al. 2002 , Chmielewski et al. 2004 , Trnka et al. 2009 2005) . Tuber crop yields in extreme years tend to be highly variable: drought stress was the major factor causing yield loss of sugar beet (Pidgeon et al. 2001) and potato (2t'astná et al. 2010) . Yields were projected with the REGCROP model and effects were calculated for 4 arable crops in Belgium under 3 scenarios of climate change. Increased frequency of heat stress, drought and floods negatively affected yields. Analysis from several studies suggests that crops with the highest relative increases in yield are the most adaptable to interannual weather variability and climate change, with the best adapted crop being winter wheat and the least adapted potato. Under future climate scenarios, wheat may be resilient to drought but not heat stress (Semenov 2009 ). Potato (Holden et al. 2003 ) and sugar beet (P. D. yields will increasingly suffer from the effects of drought.
CONCLUSIONS
The sensitivity of agricultural yield variability to climate change depends on future technological progress, crop adaptation and meteorological effects, among many other factors. The results show that detrending yields prior to studying climate impacts may not capture all climatic trends. Multivariate analysis showed that there were significant statistical relationships between yield and VPD, temperature, growing season length, water logging and drought, and that these meteorological variables significantly differed between 2 climate periods. The meteorological variables were therefore included in a new regional dynamic crop model (REGCROP) developed to assess climate impacts on regional arable crop production. The model predicts historical yields well and is able to simulate extreme yields, which may approximate climate change conditions. The model can integrate the effects of cropping calendars, weather and soil on crop yields at the regional scale.
A drier water balance regime is projected with all the selected climate-change scenarios. Pronounced yield losses, mainly owing to drought and heat stress, occur for all scenarios, to a lesser extent in the case of winter cereals. 
